Abstract Available data from nearby gauging stations can provide a great source of hydrometric information that is potentially transferable to an ungauged site. Furthermore, streamflow measurements may even be available for the ungauged site. This paper explores the potential of four distance-based regionalization methods to simulate daily hydrographs at almost ungauged pollution-control sites. Two methods use only the hydrological information provided by neighbouring catchments; the other two are new regionalization methods parameterized with a limited number of streamflow data available at the site of interest. Based on a network of 149 streamgauges and 21 pollution-control sites located in the Upper Rhine-Meuse area, the comparative assessment demonstrates the benefit of making available point streamflow measurements at the location of interest for improving quantitative streamflow prediction. The advantage is moderate for the prediction of flow types (stormflow, recession flow, baseflow) and pulse shape (duration of rising limb and falling limb).
INTRODUCTION
Research on regionalization in hydrology has experienced innovative developments since the last decade, especially through the Predictions in Ungauged Basins (PUB) initiative (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) of the International Association of Hydrological Sciences (Hrachowitz et al. 2013) . During this decade of intensive research, attention was mainly focused on predictions of streamflow signatures (i.e. temporal patterns of catchment streamflow response) for catchments where no streamflow data are available. For that purpose, different regionalization methods were tested and assessed throughout the world over a wide range of climates, environments and hydrological processes (Parajka et al. 2013) .
However, relatively few papers have dealt with the use of non-continuous streamflow data series for the parameterization of regionalization methods. Although, in many parts of the world long streamflow time series are absent, there are often short time series, or at least non-continuous flow measurements, available in the region of interest. They may be very informative in helping to understand catchment behaviour and to predict continuous hydrographs. In the field of rainfall-runoff modelling, Blöschl (2005) claims that "…the best way to handle the issue of rainfall-runoff modelling in ungauged catchments would be to install a stream gauge. Indeed, limited or incomplete data can still be extremely valuable because one can use it to constrain model calibrations". Hence, even though technical and/or financial constraints may prevent a staff-gauge station being set up and monitored to get the hydrological information needed for practical purposes, an alternative way may be to gauge the ungauged catchments through a limited number of field measurements (Perrin et al. 2007, Seibert and Beven 2009) .
In France, for example, some intensive point flow measurement campaigns have been coordinated by the Rhine-Meuse Water Authority over the last two decades (e.g. François and Sary 1990, Decloux and Sary 1991) . This source of data may greatly improve the knowledge and estimation of low flows or flood events at ungauged sites (Chopart and Sauquet 2008) . It is, however, insufficient to reconstruct the hydrological context of surface water quality samples collected on behalf of the Water Framework Directive (2000/60/EC) monitoring programme. Table 1 shows the signs of the relationship generally observed between nitrate concentrations (daily values and time variability) in river flows and some relevant hydrological variables: antecedent daily river flow, daily river flow, baseflow index (e.g. Clausen et al. 1999, Guillaud and Bourriel 2007) . In light of these co-variations, there is clearly a link between river flows, hydrogeological characteristics of catchments and pollutants loads in the stream network.
MAKING RIVER WATER QUALITY DATA MORE MEANINGFUL
Such findings were generally obtained through cross-analysis of water quality data and continuous hydrological time series collected for a few years. When streamflow data are missing, or poorly measured at the location of interest, it is difficult, if not impossible, for water managers to calculate pollutant loads and interpret water quality data and trends on pollutant indicators (Burt et al. 2010) . In that respect, reconstructing continuous hydrological information for a few "benchmark" sites is crucial in terms of enhancing process understanding and identifying system lags. Hydrological information can give valuable data on the overall types of water pathways, processes and streamflow dynamics in a catchment. This will contribute to the understanding of short-term fluctuations in pollutant concentrations recorded in river flows during particularly influential hydrological events.
The scope of this paper is to evaluate, through a regional comparative assessment of distance-based regionalization methods, the potential of point flow measurements for reducing uncertainty in the prediction of daily hydrographs at almost ungauged pollution-control sites. This comparative assessment is motivated by the fact that outcomes of regionalization methods can be disparate for a given location of interest, and subject to variation according to their parameterization scheme (Drogue et al. 2002 , Kay et al. 2006 .
The ultimate goal is to provide a decision-making support tool for predicting daily streamflow and flow types (stormflow, recession flow, baseflow) at water quality monitoring locations based on the available data (Fig. 1) .
METHODS OF REGIONALIZATION
The most intuitive way to transfer hydrological information from one catchment to another that is treated as ungauged is to identify similar or proxy catchments, be it in terms of location or behaviour (He et al. 2011) . In this paper, we compare both approaches through distance-based regionalization methods, while adapting their parameterization according to the available hydrological data at the location of interest. Two types of method were tested: Table 1 Common signs of correlation between nitrate concentrations [NO 3 ] in river flows (daily values and time variability) and some hydrological variables: antecedent daily river flow (Q j-i ), daily river flow (Q j ) and baseflow index (BFI). CV: coefficient of variation.
-Reference "naïve" and intuitive methods parameterized only with the hydrological information (streamflow data or simulated hydrographs) provided by the neighbour catchments: we selected the map correlation method (distance is estimated through correlation fields) and the spatial proximity method (distance is calculated between catchment centroids). These two popular methods may be viewed as "benchmark" methods. -New methods parameterized according to the distance between point flow measurements available at the location of interest and hydrological information (streamflow data or simulated hydrographs) provided by the neighbouring catchments. In this case, the distance between catchments is considered as a metric of hydrological similarity between donor catchments and almost ungauged receiver catchments.
The map correlation (MC) method
This method has been recently evaluated on a set of US catchments by Archfield and Vogel (2010) . It basically relies on the fact that the selection of the nearest streamgauge as a reference streamgauge for an ungauged catchment is not always the streamgauge having the highest correlated daily streamflow values, even in a relatively homogeneous study region. The conceptual framework and the basic assumptions underlying the method are as follows (Woods and Sivapalan 1999, Archfield and Vogel 2010 ):
1. Streamflow exists at any location. 2. It is possible to estimate cross-correlation between the daily streamflows at a streamgauge and an ungauged site for any location in the study area. 3. The study area is not limited by regions of homogeneity or other hydrologic boundaries. 4. A minimum number of streamgauges in the network is necessary for the geostatistical methods to be reliable. 5. The records at each of the streamgauges must be coincident with other streamgauges in the study area for a sufficiently long period such that estimates of correlation are representative of the full range of daily streamflow values for the streamgauges in the study region. 6. The cross-correlation values are isotropic across the study region.
To determine if a spatial covariance structure in the cross-correlation values exists, a variographic analysis is implemented for each streamgauge in the study area. By interpolating cross-correlation values with ordinary kriging it is possible to obtain a continuous map of correlation between a given streamgauge and the surrounding area. This correlation map shows the spatial distribution of the correlation between a given streamgauge and any other location of interest in the study region. Once all the correlation maps are produced for all the streamgauges within the study area, one can select the most correlated reference catchment (i.e. the neighbour catchment) for a given ungauged catchment simply according to its location. In this study, as the streamgauge network is quite dense (typically 1 streamgauge per 250 km 2 ), we decided to implement a modified version of the MC method allowing multiple neighbours. We assigned a rank to the donor catchments based on their correlation to the target site: the first neighbour is that most correlated to the flow of the target catchment over the period of interest, and so on. Then a weighted linear combination of streamflow time series was tested with, successively, one to 20 members, and the best combination retained according to our performance criterion (C2M √Q ; see "Comparative Assessment" Section). The weights are proportional to the correlation coefficients of the donor catchments.
Even though this method does not use point flow measurements, it was selected as being simple in essence (selecting neighbouring catchments according Fig. 1 Reconstruction and segmentation of a daily hydrograph at an almost ungauged pollution-control site: a contribution to meta-analysis of river quality data sampling. Note that uncertainty bounds should bracket the simulated hydrograph (not shown). Segmentation was performed according to the procedure described in the section "Comparative Assessment".
to their area of influence) and straightforward for the purpose of interpolating streamflow time series.
The spatial proximity (SP) method
This method is very intuitive, relying on the assumption that close catchments will exhibit similar behaviour due to the similarity of their environments and climate. Ungauged catchments are modelled with model parameters calibrated for geographical neighbours and transferred to the location of interest. When a dense network of gauging stations is available (typically 1 streamgauge per 500 km 2 ) and for temperate climates, this method has proved to be the best solution for regionalization of daily hydrographs (Parajka et al. 2013) . The selection of the neighbour catchments is usually based on the Euclidean distance between catchment centroids.
Assuming n donor catchments, streamflow for day j is computed as:
whereQ j f k ð Þ is the resulting daily streamflow hydrograph for the location of interest k, f k is the input data (P and PET) of the catchment at outlet k,Q j is the daily streamflow simulated with the vector of calibrated parameters θ i of donor catchment i and input data f k .
The information provided by neighbour catchments can be combined in two ways (McIntyre et al. 2005 , Oudin et al. 2008 (a) by averaging the parameters of the neighbour catchments before computing the streamflow at the location of interest; or (b) by averaging the hydrographs simulated at the location of interest with the calibrated parameters of the neighbour catchments.
The discrete parameterization (DISP) method considering point flow data at the location of interest
The basics of the DISP approach were introduced by Perrin et al. (2008) . It is similar to the SP methods and uses the same prior hydrological information from donor catchments: a library of previously calculated parameters calibrated on gauged catchments. The difference between DISP and SP lies in the fact that, for the SP method, the distance is computed in the space of geographical neighbours, whereas in the DISP method, the distance is computed in the space of hydrological neighbours. The latter are identified according to the model error between streamflow simulations obtained with donor catchment parameters and streamflow simulation obtained with an existing parameter set at the location of interest.
Here, we use a modified version of DISP proposed by Rojas-Serna et al. (submitted) . With this new approach, selection of donor catchments is performed according to a "hybrid" distance combining a geographical distance and a "hydrological" distance between streamflow simulations and flow "observations" at the location of interest. The first step consists of calculating a rank for each donor catchment k as follows:
where r k is the composite rank of the kth parameter set in the library and α is a weighting coefficient (varying between 0 and 1). The latter expresses the relative importance, in the calculation of the composite rank, given to the distance between the donor catchment k and the target catchment (r k geo ) compared to the one given to hydrological similarity between the donor catchment k and the target catchment (r k hydro ). The optimum value of α needs to be determined empirically. For α = 1, the method is similar to the SP approach; for α = 0, the method only uses point flow information. The composite rank r k takes values of between 1 and p, where p denotes the number of predefined optima in the library. The value of r k geo is based on the Euclidean distance between catchment centroids while that of r k hydro is based on the following metric computed for each date j with point flow measurements:
where error k,j is the root mean square error computed for the donor catchment k, Q k,j is the simulated streamflow value at the outlet of the donor catchment k, and Q r,j is the observed streamflow value at the outlet of the receiver catchment r. The square root transformed streamflows are used to give less importance to high streamflow values (floods) in the calculation of the error metric (Oudin et al. 2006) .
Once the donor catchments are ranked according to equation (2), the second step is to compute streamflow for day j using equation (1). The optimal number of neighbour catchments and dates with point flow measurement should be evaluated through a sensitivity study.
The streamflow-streamflow (Q-Q) method considering point flow data at the location of interest
In a recent paper, Andréassian et al. (2012) demonstrate the added value of using neighbour catchments (NCs) for simulation of daily and hourly streamflow time series. They argue that a NC can be viewed as a full-scale model for a given catchment. With this perspective, there is no reason to think that errors of NC models (i.e. Nature's own model) will be higher than those of rainfall-runoff models (i.e. human designed models).
Instead of only looking at one reference streamgauge, as in the time-honoured paired-catchment approach (the historical root of the MC method), the NC approach enables streamflow time series to be simulated at daily or hourly time steps based on streamflow time series observed at the outlet of one, or several, NC(s).
The Q-Q method is a combination of the DISP and MC approaches. It is applicable at the outlet of a catchment when point gauging records are available. The selection of NC is based on the same metric as the one used for DISP (see equation (3)). Simulated hydrographs are replaced by streamflow series observed at the outlet of the donor catchments. Again, the optimal number of point flow measurements should be evaluated through a sensitivity study.
Assuming n neighbour catchments, streamflow for time step j is computed as follows:
w n Q i;j (4) whereQ k;j is the simulated streamflow at the outlet of catchment k, and Q i,j is the observed streamflow at the outlet of catchment i. The number of NCs, n, should be optimized through a sensitivity study. The weights assigned to the streamflow values of the NCs are calculated as the proportion of error of each NC to the total amount of prediction error, i.e.:
where w k is the weight assigned to the NC k, m is the number of dates with point flow measurements, and n is the optimal number of NCs (see equation (4)). Equation (5) gives the highest weight to the streamflow time series having the closest streamflow values to point flow values observed at the outlet of the receiver catchment.
COMPARATIVE ASSESSMENT Reconstruction of daily streamflow time series
The efficiency of each regionalization scheme was assessed through the bounded version of the NashSutcliffe (NS) coefficient (Mathevet et al. 2006) , computed on the square root of the daily streamflow values for the same reasons mentioned above. The criterion of efficiency is written as:
where NS is the Nash-Sutcliffe coefficient and ffiffiffi ffi Q p k is the square root transformed daily streamflow values. This C2M criterion takes values of between -1 and 1. A zero value indicates that the regionalization method is no more efficient than a naïve model simulating at each time step the daily streamflow value as the mean of the daily values. A value of 1 means that the regionalization method is capable of perfectly simulating the observed streamflow values. Note that computing the C2M criterion leads to lower values than the NS coefficient (e.g. a NS value of 0.8 corresponds to a C2M value of 0.666).
We used the leave-one-out cross-validation procedure to test the efficiency of the regionalization methods, each of the selected gauged sites being treated as ungauged. All the regionalization schemes were tested with daily area-normalized streamflow values.
Reconstruction of flow types and pulse shape
Quantitative hydrological information is not the only useful source of information for water quality data mining. Knowing flow types and pulse shape (duration of rising limb and falling limb) for a number of pollution-control sites could also give a general overview of the actual and eventually contributing flow processes in a catchment when surface water sampling has occurred. This is why we also evaluated the ability of the four distance-based regionalization schemes to reproduce observed flow types and pulse shape at the daily time step. With this aim, we discretized the simulated and observed hydrographs into three parts (see Fig. 1 ).
Rising limb streamflows (including peak flows) and falling limb streamflows occurred, respectively, when:
and
where Q k,j is the streamflow for day j at the outlet of catchment k and Q k,j-1 is the streamflow for the previous day.
To identify sequences of baseflow data, we used the following empirical procedure:
(a) The sequence should consist of at least 5 consecutive days. (b) Daily rainfall amount should not exceed 1 mm/d. (c) The initial streamflow value of the recession sequence (Q 0 at t = 0) should be less than the annual mean streamflow. (d) A lag time, T, is used as a first guess to define Q 0 at t = 0; T is obtained according to:
where A is the drainage area of the catchment(in km 2 ).
(e) As equation (7) is not optimal for defining Q 0 , due to variations in physical characteristics of catchments, a regression line is additionally adjusted to the last streamflows of the recession sequence. Then, Q 0 is obtained through a retrospective calculation from the end of the recession sequence to the last ratio satisfying the inequality:
whereQ k;j is the estimated daily baseflow for day j at the outlet of catchment k through the regression line. This procedure was proposed by Lang and Gille (2006) and validated on numerous catchments within the study area. In case of ex aequo, the phase of the previous day is assigned to the current day.
The method outputs were classified for the three parts of the hydrograph. An index of agreement was defined as:
where C is a co-occurrence indicator taking a value of 1 in the case of agreement and 0 in the opposite case, Count is a function which counts the number of occurrences of a given phase of the hydrograph,p k;i is the ith occurrence of a given simulated phase at the outlet of catchment k, p k,i is the ith occurrence of a given observed phase at the outlet of catchment k, and n is the number of time steps. The value of IA ranges from 0 (i.e. no agreement) to 100% (i.e. perfect agreement).
STUDY AREA, DATA AND MODEL
The region of interest has an area of approximately 38 000 km 2 (Fig. 2) . It includes the French part of the upper Meuse, Mosel and Rhine catchments. The topography is characterized by the presence of cuestas and middle mountain areas (Ardennes, Eifel, Hunsrück, Vosges). The highest rainfall amounts are found in the southern parts of the Vosges (up to 2300 mm/year on average).
The Vosges Mountains, because of their northsouth axis and their elevation (maximum of around 1400 m a.s.l), induce a mesoscale alteration of the climate, resulting in a quick transition between an oceanic type prevailing on the Vosges mountains and a continental type prevailing in the Rhine Valley.
The hydro-meteorological dataset refers to the period 1990-2009. Daily unregulated streamflow time series were collected for 149 streamgauges located in Belgium, France and Germany (Fig. 2) . These gauges control the main rivers of the study area, as well as some rivers located in the close neighbourhood of the study area, and define the outlet of 149 donor catchments whose sizes range from 7.6 to 11 522 km Catchments have a range of geological substrates (mainly limestones and marls, sandstone, siltstone, schist and quaternary deposits). Those climate and physiographical differences are responsible for different flow regimes, as shown by the spatial variability of the yield coefficient values.
In addition to the streamflow data, we also collected daily precipitation and air temperature based-PET time series from the SAFRAN gridded climatology data (Quintana-Seguí et al. 2008) .
The daily lumped GR4J rainfall-runoff model with four free parameters (Perrin et al. 2003) was calibrated with this dataset and evaluated through the split-sample test (Klemeš 1986) . Calibration of the model was performed for each catchment using the BFGS method (hill-climbing optimization technique; Byrd et al. 1995) . We used the Nash-Sutcliffe efficiency criterion computed on (Plasse et al. 2014) . Note that we define as donor catchment, a catchment reaching a C2M value of at least 0.538 (i.e. NS of 0.70) in calibration mode. This threshold value is a compromise between data cleansing and having as much hydro-diversity as possible in the catchment dataset. As a consequence, six potential donor catchments were removed from the initial data set. The regional library of model parameters required for implementing the SP and DISP methods was fed with the 143 vectors of optimal model parameters.
At present, in the French part of the RhineMeuse catchment, water quality monitoring networks include 468 pollution-control sites. Most of them are strictly ungauged. Reconstruction of daily streamflow time series is required for 98 pollution-control sites with the prediction period 1990-2009. Historical point flow measurements were performed for 78 sites out of the 98 and stored in a streamflow archive by the Rhine-Meuse French Water Agency as part of its Surface Water Monitoring Programme.
The number of point measurements extends from 8 to 286 per pollution-control site; these are evenly distributed throughout the year. For 21 of the 78 partially-gauged pollution-control sites, a streamgauge with continuous flow monitoring is available nearby (Table 2) . Therefore, we decided to use those sites as cross-validation sites, meaning that they were individually withdrawn from the 149 available nearnatural catchments during the parameterization stage.
PARAMETERIZATION OF REGIONALIZATION METHODS

MC method
The Variowin package (Pannatier 1996) was used to bin variogram clouds, generate the experimental variograms and fit the variogram models. A spherical variogram model was fitted for each study streamgauge because of its visual agreement with the majority of the experimental variograms ( Fig. 3(a) ).
The range of values of variogram models extends from 50 to 150 km, depending on the streamgauge considered (Fig. 3(a) ), while the sill parameter of the variogram model was more constant from one streamgauge to another. Note that for a given type of variogram model, kriging weights are only sensitive to its range.
The results of cross-validation obtained for three representative streamgauges (Fig. 3(b) ) show that fitted models produce quite good agreement between (Fig. 4) , this spatial covariance generates a map correlation having a complex spatial structure. This map enables the most correlated streamgauges for a given location of interest to be identified (Fig. 4) .
Concerning the benefit of a multiple neighbour configuration, Fig. 5 is convincing. An approach based on five neighbours allows a net gain of efficiency in comparison to a single-best neighbour approach for the tested period (from 0.429 to 0.590 for the mean efficiency and from 0.459 to 0.634 for the median efficiency). For 81% of the pollutioncontrol sites, the selection of five neighbours leads to higher efficiency than using only the single-best neighbour, whereas this percentage is 62%, 57% and 47% when allowing five vs two, three and four neighbours, respectively. Selecting five neighbours also provides the smallest interdecile range and the highest 10% decile. Thus, we retained this neighbourhood as a reference for the application of the MC method.
SP method
We tested both options (model parameter averaging and model output averaging). The best efficiency according to the C2M √Q criterion was obtained with the averaging option using the four closest donor catchments (Plasse et al. 2014) . Oudin et al. (2008) obtained similar results on a larger set of French catchments.
DISP method
As the number of point flow measurements differs from one pollution-control site to another (see Table 2 ), we did not directly use the point flow measurements available for each site. Following Perrin et al. (2007) , point flow values were randomly sampled from the daily observed hydrographs (Fig. 6) . We tested different sizes of daily flow samples (n = 1, 2, 3, 5, 10, 30, 50, 200) in order to get an initial idea of the sensitivity of the DISP method to the density of the available hydrometric information. The same dates were sampled for the 142 donor catchments and the receiver catchment whose outlet is located close to pollution-control sites (Table 2) .
Since sampling was random for each value of n, we repeated it and computed the efficiency of the method 100 times, and took the mean C2M √Q value to obtain more general results. The best efficiency was obtained with four donor catchments and a value of α = 0, that is, when the only factor that influences the selection of the best donor catchments is the hydrological similarity with the location of interest (see equation (2)).
The efficiency of the method increases as the hydrometric information becomes denser at the location of interest. Plasse et al. (2014) have shown that this increase is significant up to n = 30 days. 
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Q-Q method
As for the implementation of the DISP method, we used random daily streamflow values for calculating the error metric (see equation (4)). The donor catchments were ranked according to their respective error calculated over the 100 replications of n.
The distributions of method efficiency show that higher efficiencies are obtained with multiple neighbour configurations (Fig. 7) . The optimal efficiency level is reached with four neighbours. Moreover, we analysed the sensitivity of the Q-Q method efficiency to the size of daily flow samples. We successively tested values of 1, 5, 10, 20 and 50 days for n (Table 3) . Results stabilize when n reaches 10 days. This indicates that optimal efficiencies are obtained for the Q-Q method as soon as a small number of point flow values (say 10) are used. Thus, in the framework of our comparative study, the Q-Q method is applied using four neighbours selected according to an error metric computed with n = 10 daily streamflow values.
WHAT IS THE MOST EFFICIENT WAY TO PREDICT DAILY HYDROGRAPHS AT ALMOST UNGAUGED SITES?
Daily streamflow time series Statistical distributions of efficiency values (Fig. 8) show that the SP, DISP and Q-Q methods are able to provide good fits for most of the observed daily hydrographs. Mean efficiency values are 0.619, 0.682 and 0.736, respectively. The mean efficiency is slightly poorer for the MC method, with a value of 0.590. The Q-Q method outperforms the other approaches and clearly appears as the best method for reconstructing daily streamflow time series when point flow measurements are available. Whatever the method, some daily hydrographs observed at the outlet of tested catchments are difficult to reproduce due to physical singularities (sandstone aquifers in the Ardennes and the northern part of the Vosges Massif; karstic influences in the upper part of the Meuse catchment). Table 4 gives an example for the River Mosel at Perl of the number of days classified for different parts of the observed and simulated (with the Q-Q method) hydrographs. For both hydrographs, the number of days of falling limb is dominant (60%) compared with the two other phases, especially the recession one which is the less frequent (2%). Moreover, occurrences of rising limb and falling limb are underestimated by the Q-Q method, whereas the number of recession days is overestimated (220 days simulated vs 134 days observed).
Flow types and pulse shape
The most recurrent classification error occurs between rising limb days and falling limb days. This finding demonstrates the inability of the Q-Q method to properly reproduce pulse shape, leading to lag times between observed and simulated flood flows. Those facts can be generalized to other crossvalidation sites, whatever the method of prediction.
As part of the assessment we computed, for each cross-validation site, the index of agreement with data of the contingency table diagonal (Fig. 9) . Duration of the rising limb of the hydrograph is the most difficult to simulate ( Fig. 9(a) ). This shortcoming is not surprising since it is directly related to the non-linearity of the rainfall-runoff transformation, which hampers all prediction attempts whatever the prediction method. For the four tested methods, the best agreement was found for the falling limb whatever the cross-validation site ( Fig. 9(b) ). For the recession part, the agreement is very good for SP and DISP and poorer for the Q-Q and MC methods (Fig. 9(c) ).
SPATIAL DISTRIBUTION OF NEIGHBOUR CATCHMENTS
Different distance-based regionalization schemes yield different collections of neighbour catchments (Fig. 10) . The MC method is based on the selection of five neighbours identified as the best ones according to the correlation fields of donor catchments ( Fig. 10(a) ). As shown previously, this approach is generally less powerful.
Note that the closest nested catchment is not always selected as a hydrological cousin of the receiver catchment, as shown by the application of the Q-Q method on a particular site of interest (see Fig. 10(b) vs Fig. 10(c) ). Adjacent neighbours may be preferentially selected depending on the degree of hydraulic connectivity between the upstream/downstream streamgauge station and the target site.
The DISP approach makes it possible to draw multiple combinations of donor catchments from the regional library, which can be located far from the site of interest (Fig. 10(d) ). This maximizes the probability of finding the best parameterization of the rainfall-runoff model at the location of interest through a library containing 142 × 4 model parameter vectors calibrated on real catchments. 
IS A RANDOM DAILY STREAMFLOW SIMILAR TO A POINT FLOW MEASUREMENT?
This question raises the problem of the representativity of the streamflow measurement according to the time scale of the catchment response to the rainfall. In this study, random daily streamflow values drawn from observed hydrographs were assumed to be similar to point flow measurements and used to optimally define the pool of donor catchments. In practice, the temporal extent of a streamflow measurement depends on the technique used (type of device, intrusive vs non intrusive techniques, etc.) and the size of the river gauging section. Except for very large and deep sections as, for example, the Amazon at Obidos, the measurement itself takes a short time (typically 1 hour). A point flow measurement is therefore representative of the mean hourly streamflow rather than a real mean value of streamflow at the daily time step. The realism of this assumption will depend on the type of catchment response (slow vs flashy) and on the flow conditions when the streamflow measurement is taken: during recession a point value is a good proxy for daily streamflow due to low water level variation in the gauging section. To check the realism of our assumption, we compared the point flow values drawn from the streamflow archive of the Rhine-Meuse French Water Agency to the daily values provided by the gauging station nearest to the pollution-control site. An example is given in Fig. 11 for two contrasting sized catchments having quite similar numbers of available point measurements.
As could be expected, some large differences occur especially in medium and high flows for both catchments whatever their size ( Fig. 10(a) and (b) ). This underlines the need to keep in mind what we expect from the regionalization method and to use the right field data for calibrating the regionalization methods. Hence, for a spatial generalization of streamflow simulation at a given time step using, for example, the DISP or the Q-Q method, it is recommended to obtain point flow measurements at the same time step. 
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DISCUSSION AND CONCLUSION
This study aims to evaluate the spatial generalization of four regionalization methods used in the reconstruction of daily hydrographs in a mesoscale area over two decades (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) ). The evaluation was based on a dense network of 149 donor catchments (≈1 streamgauge station per 250 km 2 ) including nearby cross-validation sites of 21 almost ungauged control-pollution sites. In addition to the classical streamflow prognostic variable used in hydrology for assessment of regionalization methods, we used flow types and pulse shape (duration of rising limb and falling limb) as a timing qualitative indicator useful for meta-analysis of river water quality data.
A limited number of random point flow measurements, considered as historical and representative records of different flow conditions (low flows, floods, etc.), proved to be an efficient way to define a pool of behavioural neighbour catchments. As a result, the predictive uncertainty of regionalization methods accounting for scarce gauging data was significantly reduced in comparison to classical distance-based approaches (map correlation method and spatial proximity). Better insights of flow types and overall pulse shape are obtained. Rojas-Serna et al. (2006) as well as Montanari and Toth (2007) reached similar conclusions: hydrometric information may lead to a guided optimization of rainfall-runoff model parameters which, in turn, yields improved estimates of streamflow time series on almost ungauged catchments.
The implementation of the Q-Q method is simple and straightforward, since it requires only the definition of the transfer function of streamflow time series observed at the outlet of one or several neighbour catchment(s) to the target point. This definition should be seen as a learning process (Seibert and Beven 2009) , as the optimal method parameterization is geographically and hydrologically specific. In terms of data requirement, only a few point flow measurements collected at the location of interest and representative of the prognostic hydrological variable are necessary. For the DISP approach, reliable rainfall and PET time series are needed in addition to continuous streamflow series for both donor and receiver catchments.
The application of the Q-Q method to our case study yields better results for assessing daily hydrographs using a multiple neighbour strategy in comparison to the single one. This is consistent with the results obtained by Andréassian et al. (2012) at the French national level by implementing a neighbourcatchment model calibrated on continuous streamflow time series and a larger catchments dataset.
The level of efficiency of the Q-Q method is likely to depend on the density of the donor catchments available for computing the method. We would expect that the supremacy of the Q-Q method over the other distance-based methods will fade when the number of potential hydrological neighbours decreases. To assess the impact of donor catchment density, we progressively reduced the density of the donor streamgauge network according to the distance to the target sites: for each of the 21 locations of interest, we calculated daily hydrographs over the 1990-2009 period according to the optimal version of the Q-Q method (i.e. four neighbours and n = 10 days), the only difference being that the four selected neighbours were drawn from networks progressively It is interesting to note that (a) the gain of efficiency becomes negligible for a network density exceeding 30 stations per 10 000 km 2 ; (b) the mean efficiency of the Q-Q method decreases slowly from the full (i.e. existing) donor streamgauge network (148 donor catchments; 39 stations per 10 000 km 2 ) to a reduction by 40% of the streamgauge network (87 donor catchments; 23 stations per 10 000 km 2 ); (c) at this density level, the mean efficiency of the Q-Q method reaches that of the DISP method; (d) below this value, the mean efficiency drops quickly; and (e) a similar mean efficiency between the Q-Q method and the MC method is obtained for a reduction of the network by almost 70%.
Thus, the Q-Q approach parameterized with a small set (e.g. 10) of discrete and contrasting daily flow data appears to be a robust and powerful method for interpolating daily hydrographs provided that neighbour(s) are not too far from the receiver catchment, i.e. the streamgauge network is sufficiently dense (at least 20 stations per 10 000 km 2 ). In this case, and with the rainfall-runoff model tested, we come to the conclusion that hydrological neighbours are more informative than spatially transferred parameters. Considering these outcomes, we advocate that at-site monitoring of chemical and physical status of river water should additionally include a series of flow measurements made in different flow conditions, especially in data-scarce regions.
The issue of uncertainty has not been addressed explicitly in the framework of this paper; it was not within its scope. We presume that the neighbour catchment approach will be subject to less uncertainty than the rainfall-runoff modelling-based approach, as the only sources of uncertainty are the measurement error on observed flows and the error of the transfer function on reconstructed daily streamflows. This point should be confirmed by further investigations. 
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